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Three human serum samples without high-abundant proteins (HAP) depletion, each with 2 DIA runs without or with PQ500 Reference Peptides Kit.
PXD014108
SerumDDA Generated from search results of fractionated DDA of serum samples with high-abundant protein (HAP) depletion. 10,591 precursors, 7,484 peptides, 956 (877) Supplementary Table 1 . Details of the spectral libraries are described in Supplementary Table 2 .
Source data are provided as a Source Data file. Supplementary Table 1 . Details of the spectral libraries are described in Supplementary Table 2 . Source data are provided as a Source Data file. Fig. 9 . DIA analysis results using a two-step approach. (a) The numbers of protein groups and peptides detected from the HeLa1 (Supplementary Table 1) dataset. (b) The numbers of protein groups and peptides detected from the Mouse1 ( Supplementary Table 1) dataset. The library used for the second search on HeLa1 was generated from the first search result using HumanProt50 in silico spectral library. Protein inference was re-performed on the in silico digested peptides of the proteins detected in the first search with ≤ 2 missed cleavages and with detectability score ≥ 0.5, and consequently the library contained 5,831 proteins (5, Fig. 10 . DIA analysis results of a dataset of human serum (Serum). (a) The numbers of protein groups detected using the predicted library (PlasmaPredicted, DeepDIA), the DDA-based library (SerumDDA, DDA), and directDIA, respectively. (b) Plots of protein group quantity (log10) against rank of protein group by quantification results using the predicted library, the DDA-based library and directDIA in A2, S2 and N2, respectively. A small cycle represents a protein group and a large diamond represents a PQ500 protein group. A, S and N represent the three serum samples, respectively. A2, S2 and N2 were mixed with PQ500 Reference Peptides Kit. Details of the Serum dataset are described in Supplementary Table 1 . Details of the spectral libraries are described in Supplementary Table 2 . Source data are provided as a Source Data file.
Supplementary Note 1. Evaluation of reproducibility of peptide MS/MS spectra and RT across instruments and labs
We collected DDA data of HeLa cells from five Orbitrap mass spectrometers in different labs. HeLa1 1 (ProteomeXchange identifier PXD005573, Supplementary 5 (DP) were computed between peak intensities of b/y/neutral loss product ions of the same precursors in HeLa1 and the other datasets (Supplementary Fig. 1a ).
Similarities of peptide MS/MS spectra acquired on Q Exactive HF across different labs (HeLa2-HeLa1 and HeLa3-HeLa1) were higher than those across different types of Orbitrap mass spectrometers (HeLa4-HeLa1 and HeLa5-HeLa1), but were lower than those acquired on the same instrument (HeLa1). Pearson correlation coefficients (r) of iRT and iRT differences were also computed between HeLa1 and the other datasets ( Supplementary Fig. 2a ).
Supplementary Note 2. Performance comparison of DeepDIA and existing tools for peptide MS/MS spectrum prediction
The performance of peptide MS/MS prediction of DeepDIA was compared with Fig. 1b . DP by Prosit with the best calibration CE was still lower than DeepDIA with models trained with HeLa1, HeLa2
(in a different lab) and Mouse1 (on the same instrument, Supplementary Table 1) ( Fig. 2c) . We also performed comparison on a dataset of mouse tissue 1 (Mouse1 DeepDIA, Pearson correlation coefficients (r) of predicted and experimental iRT were higher than Prosit and SSRCalc, while the interquartile ranges (IQR) of the differences between predicted and experimental iRT were smaller than Prosit and SSRCalc. Currently, Prosit website does not offer iRT refinement service, and thus prediction was performed with the existing Prosit model trained on the ProteomeTools data. We believe that prediction accuracy would be improved once refinement was performed by retraining the model, as reported in their publications. Indeed, training instrument-specific models is exactly what we are suggesting.
Supplementary Note 4. Performance comparison of DeepDIA and Prosit on the datasets of HeLa cells and mixed proteome samples
The performance of DeepDIA was compared with Prosit for DIA analysis on a dataset of HeLa cells (HeLa1). In silico spectral libraries were generated using DeepDIA (HeLaPredicted, see Supplementary Table 2 for details) and Prosit (HeLaProsit, Fig. 3a and 3b) . Numbers of detected peptides and protein groups were maximized when CE = 30. 29% more peptides (excluding those with length > 30, which is not supported by Prosit) and 6% more protein groups were detected by HeLaPredicted than HeLaProsit (Fig. 3a) . The median coefficients of variation (CVs) of peptide precursor and protein group quantification results detected in three technical replicates using the HeLaPredicted library were smaller than those using the HeLaProsit library (Fig. 3b) .
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DeepDIA and Prosit were also compared on a dataset of mixed proteome samples 1 containing peptides from Homo sapiens, Caenorhabditis elegans, Saccharomyces cerevisiae and Escherichia coli with different abundance (see Supplementary Table   1 for details). In silico spectral libraries were generated using DeepDIA (MixPredicted, see Supplementary Table 2 for details) and Prosit (MixProsit, Supplementary Table   2 ), respectively. For Prosit, CE was optimized to 30. MixPredicted led to detection of 51% more peptides (excluding those with length > 30) and 27% more protein groups than MixProsit, decreased the CVs, and improved r of precursor and protein group quantification results among replicates (Supplementary Fig. 5 ). Percent changes of detected precursors and protein groups of each organism between the two samples were computed based on the mean quantities in three replicates of each sample. The percent changes estimated using the MixPredicted library were more accurate than those using the MixProsit library, at both precursor and protein group level (Fig. 3d) .
Supplementary Note 5. Prediction of peptide detectability by mass spectrometry using deep learning
Peptides of proteins identified with sequence coverage ≥ 25% were collected from a dataset of HeLa and HEK-293 cells 1 (HeLa&HEK, Supplementary Table 1) . For Fig. 8b and 8c 12 , or with prior knowledge from previous studies, e.g. plasma in this study.
However, in many cases, there is a lack of peptide-level prior knowledge, and spectral libraries can only be built from protein sequences. By predicting peptide detectability by mass spectrometry, target peptides can be selected from proteins with an appropriate detectability score threshold as discussed above.
Strategies for large-scale database searching such as iterative searching 13 , two-step methods 14 , and sectioning approaches 15 are worth a shot. Attempts were taken to adapt a two-step approach for DIA analysis using spectral libraries generated from proteome-scale databases, e.g. SwissProt. On the HeLa1 dataset, we downsized the spectral library generated from SwissProt H. sapiens (HumanProt50) to the proteins detected in the first search. Protein inference was re-performed on the in silico digested peptides of the proteins detected in the first search with ≤ 2 missed cleavages and with detectability score ≥ 0.5, and consequently the library contained 5,831 proteins (5,792 protein groups) from H. sapiens. 6,459 proteins (6,347 protein groups) from S. cerevisiae and 4,385 proteins (4,319 protein groups) from E. coli were added as entrapment. A second search was performed. The percentage of entrapment hits decreased from 1.8% to 0.4%, while the sensitivity increased to 89% on protein group 29 level. The number of identified protein groups and peptides also increased after the second search (Supplementary Fig. 8) . Similar results were obtained on the Mouse1 dataset. During the second search, the library size was smaller and the library was more specific to the sample, which could lead to better performance in peptide and protein identification. 
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